Abstract-Due to the natural aging process, the risks associated with falling can increase significantly. For the elderly, this usually marks a rapid deterioration of their health. While there are identified strategies that can be adopted to reduce the number of falls, it is still not possible to prevent all falls. Clinically, the Tinetti Gait and Balance Assessment has been widely used to assess the risk of falls in elderly by examining balance and gait. This paper presents our initial results of using an ear-worn BSN sensor to detect aspects of the Tinetti Gait and Balance Assessment to predict the risk of falls compared to a healthy control cohort. For this study, data was collected from a control cohort of 12 healthy volunteers and a cohort of 16 elderly fallers of varying degrees of risk. The results derived have shown that it is possible to directly detect some aspects of the Tinetti Gait and Balance Assessment and the Timed Up and Go test, demonstrating the potential value of using the platform for continuous assessment in a home environment.
INTRODUCTION
Falls are a serious problem in the aging population. They can indicate deterioration in health and are related to a decrease in musculoskeletal and motor-control function, with identified rates of mortality and morbidity in the elderly [1] . After the age of 60, there is a general rise in the number and severity of the falls, with an increased tendency linked to further complications. After this age, these rates increase substantially [2] . Falls affect elderly living not only in the community, but also in nursing homes and hospitals. For elderly living in the community, however, help or medical assistance can be difficult to summon and victims could remain without assistance for many hours.
While falling is not in itself a normal aspect of aging, it can be indicative of an underlying medical problem or some environmental hazard. These are defined as risk factors and can be classified as either intrinsic, or, extrinsic. Intrinsic risk factors generally include changes in the faller due to the aging process such as changes in cognitive, visual, or neurological functioning and musculoskeletal, sensory or cardiovascular impairment. Extrinsic factors are generally related to the environment including trip hazards, poor lighting, lack of hand rails, and some types of medication [3] . There are often complex interactions between the intrinsic and extrinsic risk factors that can increase the likelihood of a fall. For example, a faller with poor vision may not see a telephone cable in a poorly lit room and trip over it.
In terms of the prevention of falls, several strategies can be adopted [1] . It has been found that exercise can help improve balance and reduce the number of falls. Education can draw the attention of the elderly to their surrounding environment such that they become aware of possible trip hazards such as rugs, electrical cables and poor lighting. Occupational therapists can also visit homes to assess the home and recommend improvements, help prevent and reduce the incidence of falls [1] . Medical evaluation can identify possible intrinsic causes of falls and review the medication required for fall prevention. There are also several balance and mobility tests available that can be carried out by trained personnel to assess the risks. These include the Functional Reach test, Romberg test, the Hendrich Fall Risk Model, the timed and un-timed Get-Upand-Go, and the Tinetti Gait and Balance Assessment [4, 5] . The majority of these observe the patient performing a number of activities, such as standing, sitting, walking, turning, and in the case of the functional reach test, the degree of flexibility, to determine the risk a person has of falling.
Commercially, there are also products available to help reduce the risk of injury caused by a fall and to summon assistance should a fall occur. Hip protectors can be worn discreetly beneath normal clothes to reduce the impact of a fall. The use of airbags has also been proposed [6] . Pendent alarms can also worn around the neck to provide a method of attracting attention should a fall occur [7] , however, this is only effective if the wearer is conscious and is able to operate the alarm.
There are two main complementary areas of research that need to be addressed; the prevention and reduction in risk of falls, and the detection of falls. With recent advances of mircoelectromechanical (MEMs) devices, such as accelerometers and gyroscopes, there has been a great focus on developing automated fall detection systems [8] . To attempt to prevent falls, clinical assessments as described above are commonly used. However, as with any observation based assessment, it can be subjective and can only offer a snap-shot of the patient's health. Liu et al. [9] developed a pair of e-textile trousers, fitted with accelerometers on the ankles and knees, and piezo-sensors to detect heel strike and knee bend, to assess the stability if motion impaired elderly. In a trial involving four motion impaired elderly and nine healthy participants, it was found that the motion impaired elderly had higher local dynamic stability (quantified by the maximum Lyapunov exponent). While it was found that this system could identify motion impairment, the system was not compared to any clinical system and required a large number of sensors embedded in a piece of clothing. Another approach to monitoring elderly stability is through spectral analysis as adopted by Tsuruoka et al. [10] . This paper addresses the need for objective stability measures to provide information regarding an elderly person's risk of falling. It demonstrates the use of an ear worn sensor for determining the risk of falling for the elderly through a comparison of two clinical assessments: the Tinetti Gait and Balance Assessment and the Timed Up and Go. In the following sections, we will describe the methodology adopted and the experimental protocol and data analysis for demonstrating the practical value of the platform.
II. STABILITY MONITORING MEASURES

A. The e-AR Sensor
As described previously, there has been extensive work on using body worn inertial sensors such as 2-and 3-axis accelerometers and gyroscopes to monitor falls and stability. They are commonly placed on the torso, hip and leg joints. In this study, the e-AR (ear-worn activity recognition) sensor developed at Imperial College was used to collect accelerometer data in the left/right, up/down and forward/backwards axis. The e-AR sensor was chosen as it has previously been used for many healthcare and sporting applications [11, 12] . Based on the BSN (Body Sensor Network) node [13] , the e-AR sensor has an embedded 3-axis accelerometer that allows accelerometer data to be collected. The light weight and wireless nature of the device allows it to be worn easily on the ear unobtrusively.
B. The Tinetti Gait and Balance Assessment
The Tinetti Gait and Balance Assessment (TGBA) is a standardised test that can be carried out by trained personnel to measure the balance and stability of elderly people [5] . It is composed of two sections to determine the degree of difficulty a person is having with balance and walking. For each section, a score is given based on a set of criteria that are added together to give a final score out of 28. The risk of falling can then be assessed both from the clinicians observation of the patient and by the final score achieved. A patient can be classed as being at low, medium and high risk of falling by scoring 24 or over, between 19 and 23, and 18 or under, respectively. Table I describes the activities observed for both the balance and gait section of the assessment and the allocation of marks [5] .
C. Timed Up-and-Go
The Timed Up-and-Go (TUG) [14] is another standardised test that evaluates the movement of a patient. During this test, the patient is asked to stand up from being seated in a high backed chair, walk 3m at a normal pace, turn around, walk back to the chair, and sit back down. The time taken to do this is recorded. Based on the observations of the clinician during the test and the time taken to complete the test an evaluation of the likelihood of falling can be made. Adults that take longer than 14 seconds to complete the test are at a high risk of falling. 
Gait
Indication of gait
Is there any hesitancy when starting to walk? 0 -1
Step length and height 
III. EXPERIMENTAL METHOD
A. Participant Recruitment
For this study, two cohorts of participant were recruited, a control cohort between the age of 24 and 35 and an elderly cohort consisting of participants that had fallen in the past. Ethical approval for this study was granted by the NHS REC committee at St, Mary's Hospital London. The inclusion criteria for the control cohort include being between the age of 18 and 40, having full good physical health, no psychiatric disturbances, and being fully mobile. Participants for the control cohort were recruited and the TGBA and TUG was conducted by a trained researcher. The elderly cohort inclusion criteria included being over the age of 60, having suffered a fall, was not suffering from dementia or psychiatric disturbance, and was mobile. Participants for the elderly cohort were recruited at an elderly falls clinic at Charing Cross Hospital, London, with the TGBA and TUG carried out by the attending physiotherapist. In this study only elderly participants that did not require the use of a walking aid were included. In total, data from 12 participants was collected for the control cohort and 16 for the elderly cohort. The elderly cohort had a mean age of 79.2 years with a standard deviation of 9.24, 9 of which were male and 7 female.
B. Data Collection and Marking
After consent has been given, each participant was asked to wear the e-AR sensor on the ear. Where required, assistance was given. Data was collected from the sensor at a frequency of 100Hz. The TGAB and TUG assessment was then carried out either by a researcher or a physiotherapist for control cohort and the elderly cohort, respectively. During the assessments, each section of data was manually labelled marked for post processing.
C. Data Analysis
The data was first empirically examined to determine which aspects of the TGBA and TUG could be extracted from the data collected using the e-AR sensor. As will be addressed in more detail in Section IV, the sections of the TGBA that will be focused on in this paper are: standing with the eyes closed and turning 360° on the spot. Examples of these activities and the TUG from both a member of the control cohort and a high risk participant of the elderly cohort can be seen in Fig.1 . Features were extracted that could be used to differentiate elderly scoring poorly on that aspect of the TGBA from those scoring highly and the control cohort. Table II provides a description of the features extracted from the data to distinguish control, high and low risk participants. These features will be discussed further in the results in Section IV. In order to provide more objective measures for determining the risk of falling for an elderly person, the probability of an elderly participant is of belonging to the control cohort was found as follows. For each of the TGBA aspects being examined and the TUG a Gaussian model was fitted to the control cohort. Then, based on the distribution, the probability of each elderly person belonging to this cohort was found. The results are summarised in Fig. 2 and all data analysis and post processing was conducted using Matlab 6.5 [15] .
IV. RESULTS
A. Empirical Observations
From the data collected using the e-AR sensor, it proved difficult to identify each part of the TGBA in order to draw a direct comparison. For example, whether an individual is using his/her arms to assist standing from sitting is not possible to tell from this sensor alone. Similarly, it is not possible to deduce whether an individual is using his/her arms to help them sit from standing as the e-AR sensor is not sensitive to limb motion. To determine the sitting balance, i.e., whether an individual is sitting safely in the chair or leaning heavily in it, there would need to be a change in sitting posture during the monitoring period, which could indicate sliding or instability in the chair. Analysing the initial standing balance after standing up is also not straight forward. It was found that for the elderly cohort initial standing posture was difficult to capture as there was a tendency for the participant to use the chair to support the back of the legs, and the physiotherapist would need to ask them to move away from the chair. This additional activity is difficult to distinguish from the standing movement. Determining the width of the standing stance is also not possible to determine.
In terms of the gait section of the TGBA, it is not possible to directly determine what the step clearance is of the feet, or whether the heel of an individuals leading foot is passing the toe of the other. However, the TUG has been proven to be an effective way to determine the risk an elderly person is at of falling also.
The parts of the TGBA assessment that have been focused on in this initial study are standing with the eyes closed for approximately 10 seconds and turning throughout 360º. Fig.  1 provides examples of each of these from the control cohort and from an elderly participant at a high risk of falling. 
B. Standing with the Eyes Closed
Visual input provides important cues to assist balance. By standing with the eyes closed this is removed and balance is then reliant on other input sources from the body. Due to the aging process, these may not function as well causing sway or falling when the eyes are closed.
It was observed that those that scored poorly on the TGBA while standing with their eyes closed would tend to sway. This can be seen in Fig 1 (a) and (b) where the participant from the control cohort is able to stand with the eyes close with no movement, and the elderly participant at high risk can be seen to wobble and move. As such, the features chosen to describe this section of the TGBA were mean variance in the up/down axis and mean variance in the forwards/backwards axis. A sliding window was used of 100 samples with an over-lap of 50%. Fig. 2 (a) shows a scatter plot of participants as represented by the variance features from the up/down versus the forwards/backwards axis of the e-AR sensor. It can be seen that the control cohort are grouped closely together while the elderly at low and medium risk tend to be more scattered. Three out of the four elderly participants at high risk of falling scored a zero for this section of the test. This correlates to the three high risk elderly that are the furthest away from the control cohort cluster. The control cohort is modelled using a Gaussian distribution as shown in Fig. 2 (b) . The probability of each participant belonging to the control cohort is then calculated. It can be seen that for many of the low risk elderly participants, there is a high probability of them belonging to the control cohort. This correlates closely to the TGBA, which for this section of the assessment, they scored well on. Similarly, those at high risk according to the TGBA have a very low probability. For this section of the TGBA a participant is either rated as being stable or unstable. As can be seen in Fig. 2 (a) , there is a more gradual spread between the control cohort and the elderly cohort at low, medium and high risk.
C. Turning 360º
By asking a patient to turn throughout 360º, the TGBA observes how steady the patient is and whether the steps are continuous or not. Scores are allocated between 0 and 2 based on these factors . Fig 1 (c) and (d) provide an example of turning from the control cohort and an elderly participant at high risk. From empirical observation, it could be seen that elderly participants would tend to take more steps to turn the full 360 º, and as such, there is a tendency to take longer than the control cohort to finish. By taking more steps it may prove easier to keep the centre of gravity over the legs, hence, remain stable.
The features that were extracted based on observation were the number of peaks in the left/right axis of the e-AR sensor, as this corresponds to the number of steps taken, and the time taken to complete the activity, as show in Fig. 2 (c) . For this activity clusters are tending to form for the control cohort, the elderly at low risk, and elderly at medium to high risk. A Gaussian model was fitted to the control cohort based on these features and the probability of each participant belonging to it was determined, as shown in Fig. 2 (d) . It can be seen that there is very low probability for the majority of the elderly participants belonging to the control cohort. However according to the TGBA, all of the low and medium risk participants scored full marks, with two of the high risk participants scoring full marks and the remaining two scoring 1 out of 2. By using the e-AR sensor, finer grain analysis of turning maybe possible, providing more information regarding the patient's stability.
D. Timed Up-and-Go
As described earlier, the TUG is a separate analysis of walking based largely on time. By observing the data collected from the control cohort and the elderly cohort, Fig.  1 (e) and (f) respectively, it can be seen that in a similar way to the TGBA for turning, the elderly participants take more steps and in general longer to complete the assessment. As can be seen in Fig. 3 , out of the 14 elderly participants that TUG information was available on 13 were deemed to be at high risk according to this assessment while the control cohort could complete the assessment between 6.72 and 10.78 seconds. From these observations, the number of peaks in the left/right axis, corresponding to the number of steps taken, and time were used as features to differentiate the two cohorts, Fig. 2 (e) .
It can be seen in Fig. 2 (e) that the control cohort is closely clustered while the elderly participants at low risk can be seen to take longer to complete the assessment, however having a similar number of steps as the control cohort, while two of the elderly at high risk and moderate risk take longer and have more steps. As such, all of those in the elderly cohort have been found to have a low probability of belonging to the control cohort, Fig. 2. (f) . By using the e-AR sensor to monitor
V. DISCUSSION
From the results of this study, it can be seen that the e-AR sensor can be used to detect certain aspects of the TGBA. Features extracted from the data can also be seen to provide information regarding the degree of risk that the elderly participant has of falling. While the TGBA provides only two or three scores to describe the risk of falling, finer grained information could be extracted using the e-AR sensor.
However, using the e-AR sensor may not be practical to detect some of the parameters used in the TGBA. These parameters include the use of the arms in standing and sitting, and gait features, such as foot clearance and step length. While the e-AR sensor has proved successful in capturing relevant data for long term or periodic activities, the TGBA consists of very fast and often a one-time-onlyevents. This makes capturing specific areas of interest challenging. To create an objective version of the TGBA including these aspects, visual sensors could be included to provide the data that cannot be extracted from the e-AR sensor alone and data fusion techniques used to develop a reliable way of fall detection.
From the results of the TUG assessment, because it is largely based on the time taken to complete the assessment, rather than examine the details of the balance and gait, e-AR sensor performed well demonstrating great potential to extract further data from the gait to provide a more in-depth analysis of the level of risk posed to the faller.
In this study, the participants were recruited during assessment at an Elderly Falls clinic, and it is recognised that there are only a limited number of elderly participants that are at a medium to high risk of falling. It is hoped to gather data to include at least 20 patients from each risk group such that further analysis including statistical modelling of the TGBA aspects would be possible. One of the main advantages of the e-AR sensor is its ease of use and nonintrusive appearance. It has the potential to be incorporated into a hearing aid, such as the ones that many of the elderly are already wearing. This would eliminate the stigma that is often associated with wearing a wrist or pendent alarm. One of the ultimate goals of the study is to develop a system that can monitor elderly stability such as to identify elderly people at a high risk of falling. Such a system could also be extended to include daily activity monitoring and fall detection. It should also be mentioned that this system is not intended to replace assessment by a physiotherapist or clinical expert, human contact and observation is incredibly valuable, but to develop a complimentary assessment tool to provide objective measures for stability.
VI. CONCLUSION
In this paper, the initial results using the e-AR sensor to monitor elderly stability in comparison with the TGBA and TUG have been presented. It has been shown that, while it is not suitable to detect all aspects of the TGBA, it can be used to extract features from some aspects of the assessment and providing information on the degree of risk an elderly person has of falling. The e-AR sensor can also detect features from the TUG for assessing the likelihood of an elderly person falling. Further work to be conducted on this project includes collecting a larger cohort of elderly participants such that more statistically relevant observations can be made. Based on the separation of the different levels of risk, a scale can then be developed to predict the risk an elderly person is at of falling. Visual sensors will also be included to detect features that are not possible to detect using the e-AR sensor. 
